Introduction
Nature-inspired metaheuristic approaches have been applied to solve NP-hard problems such as parameter estimation [23] , vehicle routing problems [24] , the traveling salesmen problem [27] , Dynamic Deployment of Wireless Sensor Networks [31] , and to bioinformatics [22] . Notable metaheuristics include genetic algorithms (GA) [4] , differential evolution (DE) [25] , particle swarm optimisation (PSO) [14] , ant colony optimisation (ACO) [3] , artificial bee colony (ABC) [15] , firefly algorithms (FA) [28] , cuckoo search (CS) [29] , bat algorithms (BA) [30] , simulated annealing (SA) [1] , Tabu search (TS) [10] , scatter search (SS) [16] , and The greedy randomised adaptive search procedure (also known as GRASP) [5] . These metaheuristics can be classified according to different search characteristics such as Trajectory-based methods, Population-based methods and Memory usage. Two major search strategies have been largely taken into account in pursuing optimisation. The intensification strategy aims to exploit previouslyfound promising regions in order to detect local optima. The diversification strategy strives to explore uncharted regions to identify new trajectories that might lead to the global optimum. The two strategies work in cooperation to iteratively improve the best solution on hand.
Nature inspired metaheuristics have demonstrated success in a plethora of problems and applications. However, there is always space to explore new techniques that draw inspiration from nature in the hope that more effective and efficient heuristics can be devised. The Penguin search Optimisation Algorithm (PeSOA) is such a novel population-and memorybased metaheuristic approach which was first proposed in [8] . PeSOA is inspired by the penguin's hunting behaviour and it generally works as follows. The population of penguins locates initial positions, each penguin then dives and swims under the water for hunting fish while consuming its oxygen reserve. Different forms of the communication between penguins are occasionally performed and the quantities of eaten fish increase. The process is repeated until the specified amount of fish is obtained or the maximum number of iterations is reached. [8] have shown that the PeSOA outruns genetic algorithms and particle swarm optimisation in obtaining better values for benchmark optimisation functions. This paper enhances PeSOA with improved intensification and diversification strategies. The main differences between the present work and the original PeSOA are as follows.
In the present work, the penguins are dispatched into several groups where each group is allotted to a separate region in the food space. During the foraging phase, the penguins of each group attempt to hunt a maximal number of fish around the allotting region. The communication for sharing food information happens inter-and intra-group, allowing to improve the best solution on hand. We have codified PeSOA in java and tested the algorithm with a well-known set of benchmark global optimisation functions. The results reveal that the proposed approach outperforms a prominent set of the-state-of-the-art bio-inspired metaheuristics, including GA, DE, PSO, ABC, and BA.
The rest of this paper is organised as follows. Section 2 describes the hunting behaviour of penguins. Section 3 articulates the proposed PeSOA algorithm. Section 4 presents the experimental results including the comparative performances. Finally, we conclude the paper by some remarks and future perspectives in Section 5.
Metaphor: Hunting Behaviour of Penguins
Penguins are sea birds and they are unable to fly because of their adaptation to aquatic life [9] , [12] , [27] , [21] . Their wings are ideal for swimming and can be considered as fins. Penguins remain under the water for up to twenty minutes so they can go deeper. Penguins can dive more than 520m to scan the water for food. Although it is more efficient and less tiring to swim under the water than slithering on the ice, they must regularly surface every couple of minutes for air. They are able to breathe while swimming rapidly (7 to 10 km/h) [26] by slowing down the heart rate and keeping their eyes open for scanning food. The retina allows penguins to distinguish shapes and colours. Penguins feed on krill, small fish, squid, and crustaceans. It takes up more energy for them to dive deeper and longer, so they have to consume more food this way. The optimisation of foraging behaviour was modelled in the works of [17] , [18] . These two studies hypothesised that dietary behaviour may be explained by the economic reasoning: it comes to a profitable food search activity when the gain of energy is greater than the expenditure required to obtain this gain. Penguins, behaving along the line of foraging predators, must extract information about the time and cost to get food and the energy content of prey in order to choose the course for making their next dive. The air-breathing behaviour of penguins was noticed by [11] . The land is a home base for penguins who are forced to surface for air after each foraging trip. A trip implies immersion in apnea. The duration of a trip is limited by the oxygen reserves of penguins, and the speed at which they use it [13] , [27] . For saving the energy and the oxygen reserves, penguins must feed as a team and synchronise their dives to optimise the foraging. Penguins communicate with each other with vocalisations. These vocalisations are unique to each penguin (like fingerprints to humans). Therefore, they allow the unique identification and recognition for penguins between each other [19] .
The PeSOA Algorithm
To summarise the observations from penguins' foraging behaviour, the following rules are presented.
Rule 1:
A penguin population comprises of several groups. Each group contains a number of penguins that varies depending on food availability in the corresponding foraging region.
Rule 2: Each group of penguins starts foraging in a specific depth under the water according to the information about the energy gain and the cost to obtain it.
Rule 3: They feed as a team and follow their local guide which has fed on most food in the last dive. Penguins scan the water for food until their oxygen reserves are depleted.
Rule 4:
After a number of dives, penguins return on surface to share with its local affiliates, via intra-group communication, the locations and abundance of food sources.
Rule 5:
If the food support is less for the penguins of a given group to live on, part of the group (or the whole group) migrates to another place via inter-group communication.
In Table 1 , we relate these rules to principles of optimisation heuristics. The sea corresponds to the solution space and the goal of the penguin searching is to locate the best position under the water showing the most abundant shoals of fish. The position of each individual penguin is thus a candidate solution to the optimisation problem. The energy of the penguin obtained by catching prey in terms of the quantity of fish around a position is analogous to the fitness of the solution. The oxygen reserve of a penguin reflects its health condition that serves as an acceleration coefficient in an instance of swimming. Finally, the two forms of communication represent the metaheuristic search strategies to increase the likelihood for targeting the global optimum. The behavioural ecology of penguin foraging is in many ways similar to modern metaheuristics. This nature intelligence has inspired us for developing the penguin search optimisation algorithm (PeSOA). The general ideas of the PeSOA work as follows. The penguins are divided into groups (not necessarily with the same cardinality) and each group starts foraging with a specific region. The status of each penguin is represented by its position and oxygen reserve. After a number of dives, the penguin returns to surface and share with its group affiliates the position and quantity of the food found.
The local best of each group continuingly improves as more members report the food sources. After an entire cycle of the intra-group communication of all the penguin groups, the penguins might migrate to other group's habitat according to the probability of nurture existence of each group in terms of the quantity of food found by all its members. The collaboration of team foraging repeats until a maximal number of cycles have been performed. With the notations defined in Table 2 , the searching heuristics performed by the PeSOA are articulated as follows. Table 2 . Notation descriptions.
Swimming course update
Let G = {G1, G2…GK} be the set of K disjoint groups of penguins randomly distributed in the whole solution space Ω. Each group Gi contains di penguins where each penguin j in Gi is placed at a solution at time instance t, the penguin j swims to a new position at time t+1 in Ω by the following expression.
(1) Equation (1) can be realised by penguin swimming behaviour. Penguins primarily rely on their vision while hunting. Penguins follow their local leader who has found most food in the last dive, and they explore the along the path guided by the local leader. The penguin swimming is accelerated by the oxygen reserve which reflects its health condition determined by previous dives. In terms of optimisation terminology, the trial solution is updated by moving towards the local best solution with a random turbulence. The moving distance depends on the acceleration coefficient which is a variable adapted by previous gains along the pursued trajectory. If the solution keeps ameliorated, indicating a promising direction of the trajectory, the value of the acceleration coefficient increases and promotes a great moving distance.
Oxygen reserve update
After each dive, the oxygen reserve of the penguin is updated as follows. (2) Where f is the objective function of the underlying problem. The oxygen reserve depends on both the gain of the food source and the swimming duration the penguin endures. If the energy gain is positive, the longer the penguin stays under the water, the more quantities of food it catches and thus becomes healthier. Otherwise, the longer the swimming duration, the more oxygen the penguin consumes. Hence, the oxygen reserve is updated according to the amelioration of the objective function. The oxygen reserve increases if the new solution is better than the previous one, and the oxygen reserve decreases in the other case. The penguin performs repetitive dives until the oxygen is depleted, then the penguin will migrate to another group due to the undersupply of food in this area.
Intra-group communication
Penguins feed on food as a team and they manage well intra-group communication. Penguins follow the local guide who made the most successful trial in the last dive (see Equation (1)). For every instance of dive, the penguin may find a better food source and becomes the new local guide. The team foraging is an autocatalytic process which assures the continuous amelioration of trial solutions.
Food abundance update
The food abundance degree associated to a group indicates the energy content of prey captured by all the members in that group (see Equation (3)). In the light of penguin foraging, the food abundance degree can be estimated by the Quantity of Eaten Fish (QEF), which is calculated by the following expression.
The QEF of a group represents the attractiveness the penguin members would stick to that group. A great QEF value means the region affords enough food for the whole group and even solicits penguins migrating from other groups.
Group membership update
The penguin may migrate to join another group due to the food undersupply in the group it originally belongs. The penguin updates its group membership by reference to a function relating to the food abundance degree of various groups. The penguin joins a group with a probability proportional to the corresponding group's QEF, increasing the success likelihood of food foraging in the next dive. On the other hand, the region explored by a group is abandoned if all the members of that group have migrated to other groups. The membership function value of joining the group i is a probability given as follows. 
Hence, the inter-group communication facilitates a form of proportional biased diversification search capability, the promising region containing more abundant food would be intensively contemplated by augmenting the number of group members. In terminology of evolutionary computation, the penguin's inter-group communication resembles to the survival of the fittest genes that provides the building blocks for constructing quality solutions.
Pseudo code of PeSOA
The pseudo code of the penguin search optimisation algorithm (PeSOA) is shown in Algorithm 1. As will be noted, two search strategies (Algorithm 2 and Algorithm 3) originally proposed in scatter search [15] are used to enhance the performance of PeSOA. In summary, the PeSOA starts with K diversified groups of penguins. Each penguin searches for food separately in its assigning group with the guidance of the local best solution. After each cycle of dives, penguins of the same group share with each other the information about the position and quantity of the food. When the oxygen reserve is depleted, the penguin returns to surface and share the group information with members from the other groups. Then, the penguin is redistributed according to the updated group membership function. The search process is repeated until the stopping criterion is reached. The diversification generation strategy (see Algorithm 2) is used to generate K diversified groups in the initial penguin population. PeSOA starts with a population distributed in K groups, and each group is placed in a separate region with a minimum distance to any other. The purpose is to start the search with a set of diversified initial solutions which have contrasting features benefiting in future solution improvement. The solution improvement strategy (see Algorithm 3) is used to lead the penguin swimming to a local optimum after performing a complete cycle of dives. This is a common practice in modern metaheuristics, such as GRASP or hybrid GAs, where a local search component is embedded in the evolutionary cycle in order to utilise the key building blocks contained in local optima. The penguin swimming is guided by the local best solution for the group and accelerated by the oxygen reserve. The oxygen reserve indicates the health condition of the penguin. The penguins with a high reserve of oxygen have a good energy-ameliorating path, which then promotes the penguins to last longer in the water and swim a greater distance towards the same direction. If the penguin ameliorates its objective function value in this dive, the penguin solution is updated and the local best solution is also checked for possible update. If the penguin fails to find a better food source in this dive, its position is not changed, however, the oxygen reserve is still being updated due to the oxygen consumption in performing this dive. 
Computational Complexity of PeSOA
The Algorithm PeSOA is divided into two parts, the generation of initial population (step 1 and step 2) and the iterative evolutionary search (step 3 to step 15). The computational complexity of the first part is O (K  2 +N) . The computational complexity of the second part is O(Nt) where t is the maximum number of evolutionary iterations. The overall complexity of the Algorithm PeSOA is thus O(K 2 + Nt) which is comparable to that for most nature-inspired metaheuristics.
Experimental Results

Parameter Settings
The application of PeSOA requires appropriate settings of the critical parameters such as the number of groups and the penguin population size. The parameter values are often chosen heuristically due to the fact that the determination of the optimal parameter values is itself can NP-hard problem. We propose to find the best PeSOA parameter values by maximising the ratio between the mean gain in objective function amelioration and the mean consumed CPU time. We test the PeSOA with five benchmark functions (Ackley, Sphere, Rastrigin, Rosenbrock, and Griewank functions) for a sufficient number of instances for each parameter. Fig. 1 shows the performance ratio of the PeSOA against the number of groups ranging from 2 to 50. We observe, for all test functions in general, that the best performance ratio is obtained when the penguins are initially distributed to about five groups.
Similarly, the PeSOA is tested against the number of penguins initially assigned to each group ranging from 5 to 100 with an increment of five penguins. It is seen that the performance ratio of the PeSOA reaches the best value when the group size is between 40 to 50 penguins.
Test and Validation
In the literature a set of benchmark functions [20] has been intensively used to test and validate metaheuristic algorithms. These benchmark functions express diverse criteria to verify the characteristics of the optimisation algorithms such as robustness, sensitivity, and scalability. Table 3 describes the information for these benchmark functions, including the function name, number of decision variables (D), function expression, global optimum, and the variable bound. We compare the PeSOA with several the-state-of-the-art natureinspired metaheuristics, including PSO, ABC, BA, GA, DE, and CS. The values shown are the means and the standard deviations over ten independent runs of each algorithm. It is seen that the PeSOA obtains the best mean objective value for twenty functions (F01-F06,  F09, F10, F15, F16, F17, F18, and F20 ). Table 4 reports the mean CPU running time consumed by these algorithms for obtaining the previously noted objective values. We see that the PeSOA consumes the least CPU running time for all the test functions. In summary, the PeSOA serves as the most effective and efficient algorithm in terms of the performance ratio between the mean gain in objective function amelioration and the mean consumed CPU time. As the nature-inspired metaheuristics are stochastic optimisation algorithms, each independent run of the same algorithm may manifest distinct run-time behaviours compared to other runs. It is thus very crucial to analyse the variation the best obtained function value as the number of used function evaluations increases.
Concluding Remarks and Future Works
In this paper we have developed a new meta-heuristic algorithm for global optimisation. The new approach is based on the collaborative foraging strategy applied by penguins. The oxygen reserve of the penguin, indicating its health condition, is used to control the swimming step size and the length of the duration the penguin stays under the water. The group local best solution is used to guide the penguin members to generate new solutions. The penguins will migrate to other groups if its original assigning group is unable to afford enough food. The proposed PeSOA algorithm is validated on a well-known set of benchmark functions broadly used in the literature, and a performance comparison is made with several natureinspired metaheuristic algorithms such as PSO, ABC, DE, GA and BA. Simulation results showed that the PeSOA is more robust and efficient compared to other competing algorithms because its search strategy does not rely only on changing the next position of the best solution found, but also on penguin communication happening both within and between groups. The original PeSOA algorithm has been used to solve combinatorial problems such as automotive safety integrity levels allocation [7] , Capitated vehicle routing problem [2] and optimal spaced seed finding [6] . The PeSOA algorithm can be extended in several ways, for example, the introduction of reproduction and migration may enhance the search capability. It is worth studying the multi-objective version of the PeSOA. Table 3 . The best function values obtained by competing algorithms. The values shown are the means and the standard deviations over ten independent runs of each algorithm. 
